This study develops multivariate models to predict swimming performance based on multidimensional assessment. 66 male (age 13.6 ± 0.6 y) and 67 female (11.5 ± 0.6 y) swimmers undertook a test battery including a sports background and training questionnaire, anthropometry, general and specific fitness tests, and technique. Competitive performance (LEN scores in three best events) was the predicted variable. A multiple linear regression model explained 82.4% of performance variability in males (based on age, sitting height, 30-min test, 6 × 50 m at 1:30, and swimming index) and 84.5% in females (age, 30-min test, 6 × 50 m at 1:30, and velocity at 50 m). Discriminant analysis using a four-group split-sample approach correctly classified 94.1% of the best male swimmers (based on age, 30-min test, 6 × 50 m at 1:30, shoulder extension, arm span, and height), and 71.0% of the best females swimmers (30-min test, horizontal floating, velocity at 50 m, and age). Chronological age was the main predictor of performance in this age category. Main predictive variables pertained to the anthropometric (particularly in males), specific fitness (aerobic speed and endurance), and technical domains (particularly in females). In these ages competitions should be organized according to year of birth and not by age categories.
Sports performance is the result of a complex process involving many factors. Performance capacity has been studied using a multidimensional assessment approach in different sports such as ice hockey (9) , rowing (35) , orienteering (8) , tennis (39) , rugby (28) , Australian football (19) , soccer (25, 29) , handball (10) , triathlon (41) , weightlifting (11) , and volleyball (12, 13) . If performance was taken as a continuous variable, multiple linear regression (MLR) is the most common statistical technique (10, 12, 25, 39) . If, however, performance is considered a discrete variable, usually categorized in two groups (i.e., selected/nonselected, elite/nonelite), discriminant analysis (DA) seems to be the preferred technique (1, 8, (10) (11) (12) 19, 28, 29, 35) .
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Swimming performance is determined by the interaction of morphological, physiological, psychological and technical factors, based on individual genetic endowment, and continuously modulated by the training process (13) . Some studies predicting swimming performance using MLR, both in adults (32, 34) and young swimmers (1, 4, 15, 17, 18) , have been able to explain between 20% and 93% of variability in performance. Discrepancies may be related to differences in the performance criterion: 25 yd (32, 34) , 100 freestyle (1,15) 100 breastroke (17) and 400 freestyle (4, 18) . One study has predicted performance in two groups (faster and slower) using DA, with prediction percentages over 82% (21) . More recently, more novel statistical techniques have been used, such as neural network technology (23) and nonregression models (31) which have predicted performance on 99% and 60% of the cases, respectively. However, if these multivariate techniques are to be applied to talent selection in swimming, it is of equal interest to identify the best individual young swimmers (MLR) as it is to predict the best group of swimmers (DA), especially if we bear in mind that only about forty out of the one hundred best swimmers in the 13-14 year old ranking will continue to rank among the one-hundred best at 17-18 years (38) .
Therefore, the aims of this study were (a) to analyze swimming performance in young peripubertal athletes by developing multivariate predictive models (MLR and DA) based on a wide variety of assessments from a multidimensional perspective, (b) to compare their predictive power with that of models developed in nonswimming related studies; and (c) to determine which group of variables actually predicted performance level at young age.
Methods

Subjects
Subjects were 133 young swimmers, 66 males (13.6 ± 0.6 years) and 67 females (11.5 ± 0.6 years), selected as the best national swimmers of their age category in Spain. According to the National swimming federation (RFEN) the "alevín" category includes females of 13-14 years and males of 11-12 years of age. The study was approved by the Bioethics Committee of the University of Extremadura (Spain). The swimmers' parents or legal tutors signed an informed written consent previously to their participation.
Assessment Procedures
All subjects undertook a comprehensive battery of tests, which included assessment in the following domains: (a) sports background and training status, (b) anthropometry, (c) general fitness tests, (d) specific fitness tests, (e) technical analysis, and (f) multidimensional evaluation. In accordance with the aims of the study (i.e., to develop multivariate models explaining swimming performance from a multidimensional perspective), a considerable number of assessments were included as predictive variables to ensure comprehensive evaluation. All tests are widely used in swimmers' assessment and were performed one week after the National summer championships, the most important competition of the season.
Sports Background and Training Status
This domain was assessed by an ad hoc questionnaire including 26 items: 7 related to social background, 6 on sports practice, and 13 items on swimming training and competition. This questionnaire assessed the relationship between swimming performance and variables such as previous sports participation (both for swimmers and parents), swimming practice (age of begin to swim and compete), number of weekly training sessions, training volume per session (pool and dryland), amount of specialized training, number of meetings per season, and training methods (circuit training, elastic bands, weights, etc.). After exploratory analysis (i.e., building specific MLR and DA models restricted to this specific domain), only training volume variables were used for further statistical analyses.
Anthropometry
Anthropometric measurements were taken according to standardized procedures (30) by an ISAK (International Society for the Advancement of Kinanthropometry) certified anthropometrist. Measures included body dimensions (height, sitting height, arm span, and weight), lengths and widths (hand and foot), skinfolds (triceps, subescapular, biceps, supraspinale, abdominal, front thigh, and medial calf), breadths (biacromial, biiliac, bitrochanteric, knee, elbow, and wrist), girths (chest, arm flexed, gluteal, thigh, and leg). The following proportionality indices were calculated: body mass index, arm span/height index, bitrochanterial/biacromial breadth index, biacromial breadth/height index, bitrochanterial breadth/height index, chest girth/height index, and gluteal girth/height index.
Body composition was assessed using a two-compartment model (24) . Sum of six skinfolds was used as main adiposity index. In addition, although there is no wide agreement as to which regression equations should be used to estimate fat mass from skinfolds measures in athletic populations of children and adolescents, we chose to use the linear regression equations based on the sum of six skinfolds used by Carter in Olympic athletes of any age and for each gender category (2) . Somatotype was determined using the anthropometric method (16) , and the three components (endomorphy, mesomorphy, and ectomorphy) were analyzed separately. Sexual maturation was assessed from the development of secondary sex characteristics according to Tanner (40) . Stages of genital (males), breast (females), and pubic hair (males and females) development were rated in five stages by a medical expert by inspection. The age of menarche (females) was assessed by recall.
General Fitness Tests
General fitness was assessed using the Eurofit test battery (7): shuttle run test assessed general aerobic endurance, flamingo balance assessed general balance, plate tapping assessed segment velocity of the upper limbs, sit and reach assessed flexibility of the trunk and lower limbs, horizontal jump assessed explosive strength of the lower limbs, hand dynamometry assessed grip, abdominals in 30 s assessed trunk power, flexed arm hang assessed muscular resistance of the arms and shoulders, and shuttle run test 10 × 5 m assessed agility-velocity.
Specific Fitness Testing
Specific fitness was assessed by means of flexibility, sprint swimming, endurance swimming, and hydrodynamic tests. Flexibility testing included the measurement of the maximum range of movement of the shoulder, and ankle flexion and extension, from video records on standard positions. Swimming tests were all performed at maximal effort. A 10-m test was used to assess maximum speed; starting from an immersed position, the swimmer accelerated during the first 10 m (start) and maintained maximum speed during 10 m (finish). The 30-min test (27) was used to assess aerobic endurance. The 6 × 50 m with 1:30-min:s start at personal stroke was used to assess speed endurance (3) . Hydrodynamic evaluation included glide and floatability tests (3): (a) to assess gliding hydrodynamic position and explosive strength of the lower limbs we measured by visual inspection the distance gained by gliding in prone position after turning, and after starting; (b) to assess horizontal floating we measured the time lapsed between horizontal floating (initial position) and vertical floating in steady position; and (c) to assess vertical floating we rated the part of the body remaining out of the water from a zero score if the head was completely immersed up to seven if the water surface was at the level of the neck.
Technical Analysis
Video analysis of swimming technique, both qualitative and semiquantitative was also undertaken. Qualitative analysis consisted of technical assessment by an experienced coach with more than ten years of experience in underwater technical evaluation. Swimmers were filmed from sagital and frontal planes while swimming in their fastest stroke, and their technique compared with a standard technical pattern (23) to identify the most common technical errors (36) . Filming was carried out in a 25-m pool, on a separate trial from every plane, and starting from the water. Subsequently, a technical swimming index was calculated, as the total number of errors made by each swimmer divided by the total number of possible errors (37) . Semiquantitative kinematic analysis was performed during a 50-m all-out swim for the calculation of: start velocity (0-10 m), approach velocity (17.5-25 m), pull-out velocity (25-32.5 m), turn velocity (17.5-32.5 m), finish velocity (40-50 m), stroke rate, stroke length, and swimming index (6) .
Multidimensional Evaluation
Combined analysis of variables from the different domains (sports background and training status, anthropometry, general fitness tests, specific fitness tests, and technical analysis) was made by developing multivariate models (see Statistical analysis for details).
Performance Evaluation
LEN table (22) was used to assess competitive performance level. LEN scores measure how close a certain personal best time is from the World record in each competitive event, allowing also comparing two time records, within or at different events. Individual performance level was quantified as the sum of LEN scores in the three best personal events during the season. 50-m personal best times were not included assuming that the swimmers were not specialized in sprint swimming at their young age; in fact, 50 m events are not included at the National championships program. Thus, performance was evaluated as the result in fastest three competitive events swum in one of the fours strokes (i.e., freestyle, backstroke, butterfly, or breastroke) at any of four different race distances (i.e., 100, 200, 400, 800 -females-, and 1,500 m -males). These criteria were chosen to obtain an overall assessment of competitive performance, not restricted to a single event (stroke and/or distance).
Statistical Analysis
Unless specified, data are expressed as means ± SD (SD). The normality and equal variance of the distributions were tested using the Kolmogorov-Smirnov and the Levene tests, respectively. Some typified variables (10-m all-out test, 6 × 50 m at 1:30 start, glide distance after turn and start, and all parameters from technical quantitative analysis) were expressed as z values.
Before MLR analysis, Pearson's simple correlation coefficient (R), and simple and multiple linear coefficients of determination (R 2 and R m 2 ) were calculated for all parameters in relation to performance level. As a secondary analysis, partial correlation coefficients (R p ) with chronological are as a control variables were also computed.
For each type of assessment, MLR models were developed using the stepwise selection procedure. Performance was the predicted variable, and the number of candidate predictive variables in the model was limited to n v ≤ n / 5 (i.e., 13 variables) to prevent obtaining spurious relations among variables (26) . Stepwise selection procedure consists in removing the variable with the largest probability of F if a certain preestablished value is exceeded (i.e., p ≤ .10). The equation is recomputed without the variable and the process is repeated until no more independent variables can be removed. Then, the independent variable not in the equation with the smallest probability of F is entered if the value is smaller than a certain preestablished value (i.e., p ≤ .05). All variables in the equation are again examined for removal. This process continues until no variables in the equation can be removed and no variables not in the equation are eligible for entry, or until the maximum number of steps has been reached.
In DA, subjects were classified by the sample-splitting method in four groups according to their performance level (i.e., A the best group of swimmers, D the worst) using a stepwise selection procedure. The criterion used to determine whether a variable entered the model (i.e., discriminant function) was Wilks's Lambda, which measures the deviations within each group with respect to the total deviations. The sample-splitting method included initially the variable that most minimized the value of Wilks's Lambda, provided the value of F was greater than a certain critical value (i.e., F = 3.84 to enter). The next step was pairwise combination of the variables with one of them being the variable included in the first step. Successive steps were performed in the same way, always with the condition that the F-value corresponding to the Wilks's Lambda of the variable to select has to be greater than the aforementioned "entry" threshold. If this condition was not satisfied, the process was halted, and no further variables were selected in the process. Before including a new variable, an attempt was made to eliminate some of those already selected if the increase in the value of Wilks's Lambda was minimal, and the corresponding F-value was below a critical value (i.e., F = 2.71 to remove). Wilks's Lambda, canonical correlation index, and percentage of subjects correctly classified for the whole sample and for each category group were computed as indicators of performance predictive capacity.
A P-value <.05 was considered to be statistically significant. Having set a two-tailed alpha value of .05, beta was set at four times alpha (i.e.,.20), according to Cohen (5) . Since power is 1-beta (1.0 -.2 = .8), power was set at .80. Using a moderate effect size of .5, the calculated statistical power for the studied sample (i.e., n = 66 and 67 for males and females, respectively) was .82. The Statistical Package for Social Sciences (SPSS for Windows, version 15.0) was used for all analyses.
Results
A summary of chronological age, body size, and sexual maturation status of the swimmers is presented in Table 1 .
Swimming performance level, assessed as the mean of the three best scores on the LEN table, was 508.4 ± 70.7 points (males) and 476.0 ± 76.0 points (females) on average. Thus, swimmers reached, on average, about 50.8% (males) and 47.6% (females) of absolute World records in their three best events. Table 2 shows the main results from the different assessments and variable correlates with competitive swimming performance. Linear simple correlation (R) and partial correlations coefficients (R p ) calculated with age as control variable are shown for variables significantly correlated with performance (p ≤ .05). Multiple determination coefficients (R m 2 ) of MLR models for each sex are also shown. The selected variables included in the MLR models explained 82.4% and 84.5% of the variance in competitive performance in males and females, respectively. The variables selected to enter the models were five, both in males (age, sitting height, 30-min test, 6 × 50 m at 1:30 start, and swimming index), and in females (age, 30-min test, specific endurance index, 6 × 50 m at 1:30 start, and mean velocity at 50-m all-out test). Table 3 shows the DA of each assessment. In the multidimensional evaluation, predictive models correctly classified 72.7% and 68.3% of the sample, with only six variables for males (age, 30-min test, 6 × 50 m at 1:30 personal stroke, shoulder extension, arm span, and height), and four variables for females (30-min test, horizontal floating, velocity at 50 m personal stroke, and age). 
Discussion
This study contributes with MLR models predicting performance as a continuous variable in young swimmers at the top national level with a high degree of predictive power (explaining over 82% of the variance in performance in both sexes), as well as with DA models which categorized performance at four levels reaching predictive values in the fastest swimmers group of 94% in males and 71% in females.
Comparison With Other Sports
The results show a swimming performance prediction by MLR models of 82% (males) and 85% (females) based on only five predictive variables. These values are far higher than those reached in other sports: 46% in tennis (39) , 29% in soccer (25) , or 21% in volleyball (12) ; only in triathlon a higher prediction was achieved (98%), although it is worthy to note that that study was performed with recreational athletes (41) . Three of the variables selected (i.e., age, aerobic endurance, and speed endurance) entered the predictive models in both sexes. This is consistent with studies on young athletes (12, 25, 39) , in which aerobic endurance was shown to be a strong predictive variable. With regard to DA, variables discriminated among performance groups on 73% (males) and 68% (females) of all swimmers with six and four variables, respectively. These results are lower than those obtained in studies on other sports: 83% in rowing (35) , 94% in rugby (28), 80% in Australian football (19) , 82-84% in male handball (10) , and 84% in weightlifters (11) . There are some studies, however, which showed similar or lower prediction values: 55% in ice hockey (9), 64% in orienteering (8), 69-70% in female handball (10) , and 79% in volleyball (13) . However, it is worthy to note that our study is to our knowledge the only one in which subjects were categorized in four sample-splitted groups according to performance level. Despite the obvious difficulties this creates for categorization (26) , prediction of the best performance group was achieved at 94% in males and 71% in females. With regard to the variables selected for our study, age and aerobic endurance (30-min test) entered the discriminant models in both sexes. In other studies the selected variables belonged to: physical fitness and anthropometric domain in ice hockey (9) , rugby (28), Australian football (19), handball (10), rowing (35) , and weightlifting (11); technical domain in volleyball (13) ; psychological domain in soccer (29) ; and anthropometric domain (age) in orienteering (8) .
Multiple Lineal Regression Models in Swimming
As we have seen, the results show high prediction performance values with a large percentage of variance explained by the MLR models developed (males 82%, females 85%). These values are higher than those obtained in performance prediction in 400 m freestyle in French swimmers (males and females, 74%; 4), 100 m freestyle in Greek swimmers (males, 59%; female 17%; 15), 100 m breaststroke in Estonian swimmers (females, 28%; 17), or 100 m butterfly (males, 20%) and 100 m freestyle (males, 20%) in Australian swimmers of similar age and competitive level (1) . However, prediction rates in sprint swimming (25 yd) are close to (males 75%, female 72%; 34) or higher than (males, ³89%; 18,32) in our results, though in the first study the competitive level of the swimmers was lower, and in the second the swimmers were adults.
The variables selected in the model in both genders were age (males, R 2 = .59; females, R 2 = .55), aerobic endurance (males, R 2 = .49; females, R 2 = .71), and speed endurance (males, R 2 = .47; females, R 2 = .60). The models did not select anthropometric variables, except sitting height in males (R 2 = .34), which differs from other studies in which these were the most selected variables (1,4,15,18,32,34) ; it should be remembered, however, that most of these studies did not assess specific fitness. Age was the strongest predictor in males and the third in females, in agreement with a previous study (19) , which suggests that to minimize the effect of age on performance in the formative years, swimming competitions should be organized by year of birth rather than by age category (two years of age together). The 30-min test, an indicator of aerobic endurance which was validated with velocity at 4 mmol·L¯1 lactate as a reference criterion (27) , was the strongest predictor of performance in females, and the second strongest in males. This finding points at aerobic endurance as an essential factor for performance at this age, and supports the notion that aerobic training should be one of the main training goals in young swimmers, more even so in the females. The third common predictor for both sexes was the 6 × 50 m test swum at 1:30 at personal stroke. This test is considered an index of speed endurance (3) and suggests that mixed, aerobic-anaerobic specific endurance also plays a role in determining performance. However, we need to take into account that both aerobic and speed endurance are also strongly correlated with age; partial correlations with chronological age as control variable (Table 2) showed that both aerobic endurance (males, R p =.54; females R p =.55), and speed endurance (males, R p =.50; females R p =.61) were in fact highly correlated with swimming performance, independently from age, although at a somewhat lower level. From the technical point of view, the swimming index was in males not as good as a predictor of performance (R 2 =.33) as in a previous report (R 2 =.898; 18). In females though, most technical variables showed high partial correlations with performance (R p =.36-.60).
From an overall perspective, our results indicate that age and specific fitness, particularly those related with aerobic and speed endurance, are main predictors of performance as a continuous variable, and that general fitness, anthropometric (including sexual maturation) and technical variables are less relevant, except for females, in which technical variables reach high levels of correlation with performance even when controlling for age.
Discriminant Analysis in Swimming
The results show high performance prediction of the DA models both in males (73% of the whole sample and 91% of the best swimmers correctly classified) and in females (68% of the whole sample and 71% of the best swimmers correctly classified). These values are similar than those obtained in young U.S. swimmers of similar age (83%) and adult swimmers (88%; 21), although in those studies performance was categorized in only two groups (i.e., faster and slower swimmers).
On analyzing each of the assessments performed, we can see that in the sports background and training status domain, training volume per session (71% of best swimmers correctly classified) was the only variable entering the model, whereas no variables were selected in females. This may indicate that that training volume is only a key factor for performance in males; this difference may be due to the better performance level of males in the sample as compared with the females (males: 508 LEN points, females: 476 LEN points, p = .12). This argument has already been suggested as a possible explanation for different predictive models in males and females at this age (15) . However, this has to be interpreted with caution since other factors, such as training intensity, were not included in the model due to methodological reasons.
With regard to the anthropometric assessment domain, the DA variables in males were height, arm span, and age (62% of best swimmers correctly classified). The first two variables were also closely related in the current study (R = .918, p < .01), since taller swimmers usually show a larger arm span, which benefits swimming efficiency (i.e., larger stroke length). Arm span has also been identified as a good predictor of performance in young swimmers using a MLR model (R 2 = .454 p < .001; 18). In females, the discriminant variables were age and sexual maturation (pubic hair; 46% of best swimmers correctly classified). This gives an indication of the relevance of sexual maturation in swimming performance at young, peripubertal age (24) .
In general fitness testing in males, discriminant variables were hand dynamometry and abdominals in 30 s, although with low discriminant power (35% of all swimmers correctly classified). In females, also hand dynamometry and shuttle run endurance were selected (performance prediction: 46% of all swimmers correctly classified). This last variable indicates general aerobic endurance which, in our study, was also closely related to specific aerobic endurance (R = .55, p < .001). Thus the relevance of this capacity in the formative years is to be acknowledged.
As to specific fitness testing, the discriminant variables in males were 6 × 50 m at 1:30 start at personal stroke, 30-min test, and shoulder extension (68% of all swimmers correctly classified). The first variable informs on speed endurance, a determining capacity in swimming performance in 100 and 200 m (14) . 30-min performance also highlights the importance of aerobic endurance in swimming (14) at the formative stages, and is in complete agreement with MLR results. In females, 30-min performance were once more selected, together with horizontal floating (performance prediction: 66% of all swimmers correctly classified), which informs on good body position while swimming, given that drag is directly proportional to the cross sectional area of body (23) .
In the technical analysis domain, the discriminant variables in males were turn velocity and stroke rate (63% of all swimmers correctly classified). The first of these variables underlines the importance of efficient turns, only second to swimming speed in 50 m; since quantitative analysis was made in a 50-m swim, the relevance of turns at longer distances may be even higher. Stroke rate points out the importance of swimming with the lowest cycle frequency to guarantee efficient swimming (20) . A study carried out on swimmers of similar ages also selected this variable to predict performance (21) . In females, only one variable (i.e., mean velocity in 50 m) was selected in the semiquantitative analysis (77% of best swimmers correctly classified), which suggests that the fastest females in 50 m are those who obtain the best performance also in longer distances at this age.
Finally, in the multidimensional evaluation (i.e., all variables considered) the discriminant variables for males were age, 30-min test, 6 × 50 m at 1:30 start at personal stroke, shoulder extension, arm span, and height (73% of all swimmers, and 94% of best swimmers correctly classified). It is worthy to note that, the three first variables were also selected by the MLR model; this is a strong indication that (a) chronological age, as discussed before, is the main predictor of performance in this age category, and (b) aerobic endurance and speed endurance are key factors for performance among young swimmers of this age. Also body linear dimensions and shoulder flexibility seem to discriminate among best and not-do-good male swimmers. In females the discriminat variables were 30-min test, horizontal floating, 50-m mean velocity, and age (68% of all swimmers, and 71% of best swimmers correctly classified). Again, aerobic endurance and age were selected in the DA model, together with swimming speed and horizontal floatability.
Limitations
Firstly, in spite of the relative homogeneity of the samples, several variables are correlated with age, which appears to be the main single predictor of swimming performance at this age category in both sexes. The computation of partial correlations coefficients, to a certain extent, allowed weighing this effect. Secondly, the physical and technical assessments made are, in most cases, indirect estimations of physical and technical capacities and abilities; however, we must consider that the large number of subjects evaluated (n = 133) and the large number of tests performed (ninety), would have made more sophisticated measurements (i.e., ergospirometric measurements, biomechanical analysis) impractical. Thirdly, while most swimmers were of peripubertal age, 24 (17 males, 7 females) were already at the adult sexual stage; although we initially believed that this fact would influence performance, the results show that this was not so. Finally, performance was assessed as the best score in each swimmers' three fastest events, and not just in one. Perhaps using a different criterion would have changed our results; however, we took into consideration that the swimmers were in their formative years, in which full specialization is not normally attained. Therefore, considering the best three events would have given a better picture of the overall performance capacity of the swimmers.
Conclusions
This study has developed multivariate models to predict swimming performance which, in overall comparison with other sports, reached similar or higher predictive power. Likewise, the models have shown to be efficient in predicting performance, both by detecting the swimmer's individual potential (MLR: 82% of males', and 84% females' of variability in performance was explained by the model), and by identifying the best group of swimmers (DA: 94% males, 71% females correctly classified). Most selected variables pertain to the anthropometric (particularly in males), specific fitness, and technical domains (particularly in females), outstanding chronological age and aerobic and speed endurance. Altogether, these results support the notion of the multidimensional nature of this sport. Two practical implications may be derived: (a) in these ages competitions should be organized according to year of birth and not by age categories, and (b) aerobic and speed endurance should be considered not only as capacities which guarantee long-term athletic development, but also as predictors of performance itself.
